Bone, especially cancellous bone, has been demonstrated to be nonhomogeneous. When applied to bone study, it raises the following question: How should the material properties of the bone from the available experimental data be interpolated?
Introduction
Clinical studies demonstrate that bone, especially cancellous bone, is nonhomogeneous. [1] A biomechanical study adopts 2 approaches to take cancellous bone into account. The first approach is a very popular one. Numerous studies have researched how to assign bone material properties to each element of the finite element model of the bone from computed tomography (CT) data. [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] However, due to the image quality, the material properties are neither very accurate nor continuous through the bone. Another approach requires the availability of the experimental data of material properties of the bone. The material properties of cancellous bone can be interpolated from the experimental data that are scattered data cross the cancellous bone. Some algorithms for multidimensional interpolation are available for this 3-dimensional (3D) interpolation problem, such as Linear Multivariate (LMUL), Radial Basis (RBAS), and Nearest Neighbor (NNEI). Although these algorithms have been studied intensively in other fields such as medical imaging and geologic modeling, [13] few studies have been conducted in the bone research. In this study, these algorithms were applied for interpolating the material properties of the femur; the interpolation results were evaluated by using CT data to compare the material properties of the femur. The results may provide a guideline for the application of interpolation algorithms in bone study.
Methods

Multidimensional interpolation
The different approaches to the interpolation of scattered data are always divided into global methods and local methods. In the global methods, each interpolated value is affected by all the collection data, but in the local methods, it is only influenced by the values of the surrounding supporting points. The most widely used local method is the LMUL algorithm, while the simplest local method is the NNEI algorithm. The RBAS algorithm is the most popular global algorithm, especially useful for higher dimensional scatter data. These 3 algorithms are introduced briefly as follows.
2.1.1. LMUL algorithm. The LMUL algorithm is a local algorithm that uses supporting points around the query location to perform the interpolation process. [13] This approach is very similar to that of the finite element method.
The query point q is written as a linear combination of its n + 1 nearest neighbors:
where P nþ1 i¼1 a i ¼ 1 The a i is a function of the coordinates of x i of the query point. In the finite element method, the a i is called shape function.
Like finite element method, the value of the query point f ðqÞ is expressed as
where f ðx i Þ is the dependent value of the supporting point x i . The algorithm creates an n-dimensional rectangular bounding box (Fig. 1) , and the above equations are applicable to the query point in the bounding box. The queries outside of the bounds are projected on the surface or edge of the bounds. One disadvantage of the LMUL algorithm is that sometimes the out of bounds interpolation results are not realistic enough to affect the application. To avoid this, this study proposed a modified LMUL algorithm that the linear interpolation is applied when the query point is within the bounds of the supporting points; when out of the bounds, the dependent value of the query point equals that of the supporting point closest to the query point.
RBAS algorithm.
The RBAS interpolation is a global algorithm. [13] Its interpolation requires solving the following radial-basis function F = f(q 1 , q 2 , q 3, . . . , q O ) at all supporting points:
where N is the number of supporting points and O is the number of free variables (or the order of the interpolation). In Figure 1 . Schematic of LMUL algorithm out of bounds (2-dimensional). 2.1.3. NNEI algorithm. The NNEI algorithm searches the supporting point closest to the query point and returns the corresponding dependent value. [13] It is expressed as
where X is the set of all supporting points, q is the query point, and x 0 is the closest supporting point to the query point.
Material properties of femur by CT
Because it has been verified the CT numbers have almost a linear correlation with the density of biological tissues, it is well known that CT images can not only provide accurate information of bone geometry, but can also give information of the density of biological tissues. [14] In addition, experiments have strongly established the relationship between the density and mechanical properties of bone. [15, 16] These works provide a base for us to use CT numbers to obtain the material properties around the femur.
CT data and finite element mesh
The CT data set in standard DICOM formats was obtained after a CT scan of a 67-year-old woman's femur. With the CT data, 3D geometry was created in Mimics as well as 3D finite element model in Integrated Computer Engineering and Manufacturing. The mesh is made of 3D 8-node structural elements, and composed of 38,230 elements and 42,281 nodes ( Fig. 2A) 
Procedure of material property assignment
For each element of the mesh, an average Hounsfield unit (HU) value was computed from HU values within a block that has the same center and volume as the element. Then, the apparent bone density of the element was calculated from the linear relation between the density and CT number. [14] Finally, from the empirical relation between the Young modulus and the apparent bone density, the Young modulus for this element was obtained. [15, 16] Therefore, the nonhomogeneous material properties of the bone were assigned all over the bone, which were used for appraising the interpolation results (Fig. 3) .
Interpolation process
One hundred sixty supporting points located at grid points of 2 blocks were designed to act as the experimental data (Fig. 4A) . The elements within 2 blocks are regarded as in the bounds and those out of the blocks as out of the bounds. The dependent value of each supporting point was defined as the Young modulus, and equal to the Young modulus of the element where closest to the supporting point. The LMUL algorithm, RBAS algorithm, and NNEI algorithm were implemented in ANSYS170. The material of femur was defined with just 1 material ID using the Tersoff-Brenner (TB) field that contains all information of supporting points. The interpolation results, which are Young modulus of elements, compare against the Young modulus at the corresponding elements by CT scan. The error of interpolation for each element is calculated by
where E intepolation is the Young modulus by the interpolation algorithm, and E CT is the Young modulus by CT data.
To explore the factors that affect the interpolation, 2 more cases were studied. One was to increase the supporting points from 160 to 288 (Fig. 4B) . Another case was to build a finite element model from the same CT data but to reduce the element numbers from 38,230 to 13,424 (Fig. 2B ).
Ethical review
This study was approved by the Institutional Review Board of the Third Hospital of Hebei Medical University (IRB Reference no: Guo2017-001-1). Written consent was obtained from the participant.
Results
The Young modulus of the femur by 3 interpolation algorithms is plotted from Figures 5-7 . Obviously, some of the Young modulus by LMUL algorithm is negative, which is not realistic. The interpolation results by the modified LMUL algorithm, which were much better than that by the LMUL algorithm, are Figure 8 . Clearly, the Young modulus contour plot by the RBAS algorithm is continuous in both within the bounds and out of the bounds (Fig. 6 ), while the contour by the NNEI algorithm is composed of many segments, each indicating one of Young modulus (Fig. 7) . For the modified LMUL algorithm, the contour plot is continuous within the bounds, but discontinuous out of the bounds (Fig. 8) .
The error plots of the 3 interpolation algorithms are presented in Figures 9-11 . The error results, which are summarized in Figure 12 , show that the RBAS algorithm has more points with errors from 0% to 5% than in the other 2 algorithms. The statistical results demonstrate that the RBAS algorithm has the best performance among the 3 algorithms. Figures 13-15 showed the results of 3 algorithms with different supporting points and finite element models. These figures indicate that when the supporting points jump from 160 to 288, the interpolation results significantly improve, especially the error 
Discussion
From CT data, not only the geometry of the femur and the finite element model were built, but also the nonhomogeneous material properties of the bone were assigned all over the bone. Although the material properties of the bone obtained by CT data are not very accurate, they reflect the basic features of the femur, and they can be used to evaluate interpolation results of 3 interpolation algorithms of the femur. Statistical results show <60% of interpolations for all 3 algorithms and have error <20%. The major errors occur at the femur body, where the material properties change from the cortical bone at the surface to the cancellous bone with a low Young modulus in a very short distance. This dramatic change of material properties causes the interpolation with high error. The interpolation error at other areas, such as the neck and head of the femur, is very low, usually below 15%. This is because these areas have a uniform structure by bone remodeling according to the stress generated within during activities. To avoid large interpolation errors, the bone interpolation should be limited to the bone with uniform structure. The material properties of the area with a dramatic change of structure can be defined directly.
The statistical results reveal that the RBAS algorithm has the best performance among the 3 algorithms. This is because the RBAS algorithm is a global method; the supporting points influence all interpolated values. Normally, the RBAS algorithm is limited to small data sets because it requires a huge computational effort. However, in the bone study, the data set is relatively small, around several hundred. Therefore, the RBAS algorithm should be the first choice in the bone interpolation. The LMUL algorithm is faster than other interpolation algorithms for a large set of data points and is highly accurate when provided with a sufficient distribution of points. However, it cannot guarantee the results out of the bounds. The proposed modified LMUL algorithm is a mixture of the NNEI and LMUL. The NNEI algorithm, which is the simplest algorithm, is adopted for very large scatter data sets but is not practical in bone study because the bone material properties change dramatically in some parts of the bone. When the supporting points increase from 160 to 288, the interpolation results also significantly improve. This suggests that more supporting points have better interpolation results. Therefore, at the area where the material properties of the bone change greatly, more experimental data should be collected to provide enough information for interpolation. In addition, comparing the interpolation results from 2 finite element models based on the same CT data indicates that the interpolation results slightly depend on the query size (element number).
The bone material in this study is limited to isotropic, but the bone material is manifested to be anisotropic. [1] However, if enough information is given for each supporting point, each component of the anisotropic material can be interpolated following the same procedure. The only difference is that the whole process requires more computational time.
One substantial advantage of the interpolation approach is that the material of cancellous bone is defined by only one material identification (ID) in the finite element model; this differs from the approach by CT data, which sometimes needs several hundred material IDs. Moreover, the approach to assign bone material properties obtained from CT data has some drawbacks, including material properties that are not continuous. At this point, the RBAS algorithm can be introduced into this approach to improve it since it is a global method; its interpolation results are always smooth not only inside the bounds but also out of the bounds. With sufficient supporting points, the interpolation results can be both accurate and smooth.
The interpolation approach requires the available experimental data, which are time consuming to collect. However, once sufficient experimental data are provided, the nonhomogeneous material properties of the bone can be interpolated quickly and accurately. For example, the nonhomogeneous cancellous bone of the ankle joint can be interpolated from Jensen experimental data. [17] The finite element model of the femur has been built and the nonhomogeneous material properties of the femur have been assigned based on the CT data. These results, which reflect the basic features of the femur, have been used to evaluate the application of 3 interpolation algorithms on the bone study. Some of the findings are listed as follows:
1. To avoid large interpolation errors, the bone interpolation should only be applied to the bone with a uniform structure. The material properties can be defined directly for the area with a dramatic change of structure. 2. Among the 3 algorithms, the RBAS algorithm has the best performance as the statistical results demonstrate. Therefore, the RBAS algorithm should be the first choice in the bone study. In addition, the RBAS algorithm can be introduced into the approach that assigns bone material properties derived from CT data to improve the results. 3. The number of supporting points is a very important factor that influences the interpolation results. With more supporting points, the interpolation error becomes less. 4. One significant advantage of the interpolation approach in the finite element application is that the material is defined by only one material ID. For comparison, the approach by CT data sometimes needs several hundred material IDs.
One direct application of the new technology in both research and clinical practice is to obtain accurate mechanical stresses of human bones, which helps the design of prostheses and the evaluation of fracture risk. For example, after total hip replacement surgery, as the implant carries a part of the load, stresses in some regions of the remaining bone diminish, known as stress shielding. To alleviate this problem, the stress distribution of the bone with the prosthesis should be close to that of the healthy bone as much as possible, and the stress distribution of the bone can be determined by the new technology presented in this study.
Conclusion
The interpolation of bone material properties should use 2 different approaches. The bone interpolation should be only applied to the bone with uniform structure. For the area with dramatic change of structure, the material properties can be defined directly. Among 3 tested algorithms, the Radial Basis algorithm performs best in the statistic study and should be the first choice in the bone study. In addition, the Radial Basis algorithm can be introduced into other methods to smooth the distribution of material properties. Also, with more supporting points (experimental data), the interpolation error becomes less. The interpolation approach offers a significant advantage in the finite element analysis: only one material ID needs to define the material interpolated from experimental data, unlike the several hundred material IDs defined for the elements derived from CT data that take material in homogeneity into account.
